The epidemiologic evaluation of longitudinal data typically involves a comparison of two rates. In mortality studies, this comparison utilizes the Standardized Mortality Ratio (SMR), the observed death rate from a specified cause divided by an (age-adjusted) expected death rate. To make such a comparison between absolute death rates necessitates that the size and demographic composition of the "denominator" popu.lation-at-risk (PAR) be known. However, the information on th~PAR is sometimes lacking, necessitating a comparison of proportional mortality rates. Proportional mortality analysis is generally regarded as suspect because of the inability of relative measures to provide information about absolute rates. However, it is shown in this paper, both theoretically and empirically, that the age-standardized proportional mortality ratio (SPMR) for a specified cause of death provides a close approximation to the SMR for that same cause, when that SMR is expressed relative to the underlying "force of mortality" (1. e., the SMR for all causes of death). It is demonstrated, in situations where longitudinal mortality data accumulates without adequate knowledge of the PAR, that the SPMR can be used to approximate the CSMR ("corrected" SMR) with a degree of accuracy expressible in the form of a statistical confidence interval.
GENERAL CONSIDERATIONS
The basic strategy of epidemiology is the comparison of health-related data between two populations. Frequently, the comparison is between a test population (i.e., the population being studied) and some appropriate standard population. The procedure typically utilizes the ratio of observed events to expected events, the latter calculated in "standardized" fashion with respect to such concomitant variables as age, race and sex.
In the analysis of cause-specific mortality data, the comparison can be carried out in either an absolute or a relative context. The former entails the use of the absolute death rates due to the-specified cause; the latter involves the relative frequencies of deaths due to the specified cause out of all deaths. Calculation of an absolute death rate within the test population requires knowledge of both the number of deaths due to the specified cause and of the "denominator" population-at-risk _(PAR); calcula--tion'of a proportional mortality rate necessitates knowing the number of deaths due to the specified cause and the total number of deaths due to all causes, but requires no information on the size of the PAR.
Comparison of the observed absolute death rate with the expected rate demonstrates directly whether the number of deaths due to the specified cause in the test population is more or less than that expected on the basis of the mortality experience of the standard population. Comparison of the observed proportional mortality rate with the expected proportional rate demonstrates only whether the proportion of deaths due to the specified cause is more or less than expected.
Clearly, a cause-specific proportional mortality rate will be influenced by a change in either the number of deaths_due to the specified cause or in the number of deaths due to all other causes. That is, whereas the 0.02), and yet the absolute death rate for stomach cancer is lower in the test population than in the standard population (3/10,000 vs. 4/10,000).
The summary statistic most often used to compare observed and expected death rates, across the full age-range of interest, is the Standardized Mortality Ratio (SMR). The SMR is the ratio of deaths observed in the test population to deaths expected, this latter figure calculated by applying the schedule of age-specific death rates in the standard population to the agespecific PAR's in the test population. Given the assumption of identical age composition for the two populations in Table 1 Now, as mentioned above, the SMR. for stomach cancer can be calculated directly, without knowledge of items 7 and 8 in Table 1 . However, herein lies a limitation in the meaningfulness of a cause-specific SMR: it necessari1y lacks any relativity to the underlying (all-causes) force of mortality within the test population. In other words, simply to say that, 'compared to the standard population, there is a 25% deficit of stomach cancer deaths in the test population would be to ignore the fact that, since there is an overall mortality deficit of 50% in the test population (i.e., all-causes SMR = 0.50), the death rate from stomach cancer in the test population is higher than would be expected on the basis of the overall death rate. In order to express the actual stomach cancer mortality experience of this popu1ation relative to its overall mortality experience, a "corrected" SMR . I
(or CSMR) cnn be calculated as:
Cause-specific CSMR = Cause-specific SMR All-causes SMR For example, the CSMR for stomach cancer (Table 1) is CSMR =~:~~= 1.50.
Note that this procedure produces a mortality ratio that is essentially relative, and therefore one that no longer expresses the absolute deviation of the observed cause-specific death rate from the expected rate.
However, the loss of absolute information resulting from this correction procedure is offset by the following considerations: . 3. Because of the difficulty in obtaining an "ideal" standard population, the regular cause-specific SMR is often of dubious meaning, since it implies that the value of 1 is the proper baseline figure for comparison purposes. For instance, in the field of industrial -e 6 occupational epidemiology, it is common practice to compare the test population to some general~ommunity population (often the national population). This is typically a matter of necessity rather than choice. Consequently, because of the "healthy worker" selection process (whereby, to be employable on the production line, a person must be fairly healthy and active), the mortality experience of an industrial population in an industry free of serious mortality hazard usually results in an overall SMR of about 0.80-0.95. Hence, it is really this overall SMR that should be regarded as the "baseline lf against which cause-specific SMR's should be evaluated.
In a way exactly analogous to the age-standardization procedure used to obtain an SMR, a standardized proportional mortality ratio (SPMR) can be calculated from the sets of age-specific mortality data for two populations."
The SPMR is the ratio of the total observed deaths from a specified cause within the test population to the sum of. the age-specific expected deaths (each calculated by multiplying the age-specific proportional mortality rate for the specified cause in the standard population by the age-specific total deaths in the test population). For example, given the assumption of identical age composition for the two populations in Table 1 , the stomach cancer SPMR is calculated as 0.03/0.02 = 1.50.
Because of the previously mentioned pitfalls of "numerator" analysis, proportional mortality rates have been used sparingly in mortality studies.
For this reason, the SPMR, as a formal summary statistic, has been largely overlooked in the literature. Whereas the analysis of absolute mortality rates typically turns upon the calculation of·SMR's, the analysis of proportional mortality rates appears to have not yet assumed any procedural orthodoxy.
-e 7 Different authors treat "numerator" data in various ways (e.g., Gilliam, 1954; Doll, 1958; Adelstein, 1972; Lloyd et' al., 1972) , but the potential of the SPMR as an important index of mortality appears to have been largely overlooked.
Note from the above calculations for stomach cancer that the SPMR has exactly the same value as the CSMR. That is, the SP}ffi,-despite the absence of information on the PAR, appears to provide a short-cut to the calculation of the CSMR, whose usefulness has been described above. Of course, the Table 1 data, with~ts assumption of population identicality with respect to age distribution, is unrealistic. What, therefore, is the general relationship between the SP}ffi and the CS}ffi?
In Section 2 below, an analysis of several sets of mortality data, for which all the requisite information was available, indicates empirically that the SPMR is a good approximation to the CSMR. It is also demonstrated that it is possible to place approximate confidence bounds upon the estimated value of the GSMR using the SPMR.It is therefore relevant to identify· the circumstances in which the SPMR would be of utility as a central tool in mortality analysis.
The basic circumstance is both obvious and common --the situation wherein mortality data is. available, but the-population source cannot be quantified. This situation might arise in several ways. Firstly, death certificates may have accumulated historically over a number of years in a well-defined population setting (e.g., an industrial population), for which insufficient information is available for "re-constructing" the original 
STATISTICAL CONSIDERATIONS
It is the purpose of this section ta quantify the relationship between the SPMR and CSMR, with specific attention being given to a theoretical examination of why the SPMR empirically seems to be a very useful approximation to the CSMR.
The following notation will be used throughout. Con~ider a specified cause of death (i, say) and, for standardization purposes, suppose that there are g age groups, with n. j the size of the j-th age group PAR. Let d = observed number of deaths due to cause i in the test 1. population, equal to 1).
Since neither of the above sufficient conditions will hold exactly in actual practice, further study of the utility of the SPMR i as an approximation to the CSMR i has led us to an examination of the inequality a .. W.
1.J J It is our goal to specify k. independently of the {n j}' which are unknown 1 .
• quantities when information on the PAR is unavailable.
For completeness, it is worthwhile mentioning that one can find inequalities of the form (3) which are wholly deterministic, e.g., 
.,'
or equivalently,
The above statement is exactly in the form of a confidence interval for (5) 11
In order to proceed further along these lines, we will assume that, conditional on the total number of deaths d , the {d. . It can be shown that a good computa- (6) " ,,,)~/ ," when k i = 10(~i V~i~i~· One reasonable way to evaluate the reliability of the approximate confidence interval (6) is to apply it to several sets of data for which 13 the requisite information is available and then see how it behaves. Table 2 below summarizes the results of such an appiication to two sets of data. From Table 2 , it can be seen that in every instance the confidence interval calculated using (6) did indeed enclose the actual CSMR value.
While this admittedly does not constitute an unequivocable endorsement of the procedure, it is nevertheless an encouraging finding. We can only hope that other researchers will subject our methodology to similar evaluations using their own data sets. 
